Abstract: This paper proposes a novel Adaptive Stochastic Radio Access Selection (ASRAS) scheme for mobile users in heterogeneous Cellular-WLAN systems. In this scheme, a mobile user located in dual coverage area randomly selects WLAN with probability of ω when there is a need for downloading a chunk of data. The value of ω is optimised according to the status of both networks in terms of network load and signal quality of both cellular and WLAN networks. An analytical model, based on Continuous Time Markov Chain (CTMC) is proposed to optimise the value of ω and compute the performance of proposed scheme in terms of energy efficiency, throughput, and call blocking probability. Both analytical and simulation results demonstrate the superiority of the proposed scheme compared to the mainstream network selection schemes, namely, WLAN-first and Load Balancing.
Introduction
The explosive growth of wireless data-traffic demand causes huge challenges for the cellular network operators to significantly increase the network capacity. One of the most promising solution for this challenge is the heterogeneous network (HetNet) architecture. A HetNet may consist of different size of cells with different radio access technologies (RATs), with overleaping coverage that complement each other [1] . The major advantage of such HetNet is the low power small-cells can increase the capacity of the network multi-fold, while introducing minimal deployment cost compared to the traditional macro-cells [2] . Hence, HetNets are expected to be one of the key aspect in the realization of the 5th Generation (5G) of wireless networks. In this regard, off-loading mobile data traffic to Wireless Local Area Network (WLAN) becomes increasingly popular among cellular network operators. This is due to the fact that the utilisation of unlicensed spectrum in WiFi brings additional bandwidth resources, instead of sharing the much scared and costly cellular frequency spectrum for small cells. Thus, cellular network operators already started to use WiFi to meet the capacity demands in their cellular networks [3] . This kind of operator deployed WiFi networks are sometimes referred to as Carrier-WiFi, where carrier class services can be expected [4] .
Apart from increasing the network capacity, increasing the energy-efficiency (EE) of network also becomes an important challenge for the network operators, due to the increased cost on energy and environmental concerns. Studies have revealed that a majority of energy (50-80%) is consumed in the wireless access part of mobile communication networks [2] . Hence, increasing the EE of access networks, has significant impact on total network EE. In this regard, the HetNet architecture is also regarded as a promising solution to improve the network EE. This is due to the fact that small and call blocking probability. The optimal value of ω is obtained by developing an analytical model based on Continuous Time Markov Chain (CTMC), which takes into account the system specific limitations (e.g., limited number of MCS and RAT specific overheads). The main contributions of this article are summarised as follows: 1) a novel radio access selection scheme (i.e., ASRAS) is proposed for data traffic in Cellular-WLAN HetNet that improves the total network performance; 2) in order to obtain the optimal value of ω, and analytically evaluate the system performance, a comprehensive analytical model based on CTMC is developed; 3) comprehensive performance analysis is carried out to evaluate the performance of the proposed scheme and to compare with other mainstream network selection schemes.
The rest of the paper is organised as follows. A brief survey of related works on Cellular-WLAN HetNet is presented in Section 2. Section 3 presents the considered system model for the proposed scheme. The proposed ASRAS scheme is given in Section 4. An analytical model is developed to find the optimal value of ω in Section 5. In Section 6, the performance of the proposed scheme is evaluated and compared with the benchmark schemes. Finally, Section 7 concludes the paper.
Related Works
This section presents a brief survey of related works on Cellular-WLAN HetNet in the literature. Since off-loading of the mobile data traffic from cellular communication systems to WLAN gathered considerable momentum in recent years, the 3GPP standard Access Network Discovery and Selection Function (ANDSF), and the IEEE standard Media Independent Handover (MIH) were developed to facilitate the network selection and vertical handover in a multi-RAT environment [12, 13] . Although the standards facilitate a framework for intelligent network selection, they do not specify how the network selection decision should be made. The decision making is left to the mobile devices. However, in general, network related policies are not considered by most of the devices. The devices make the network selection decision based on their local knowledge and the user preference. For instance, in the mainstream network selection scheme known as WLAN-first, the user equipment (UE) always tries to connect to WiFi, if there is a WiFi coverage available, regardless of the status of the WiFi network [14] . This kind of simple scheme can be beneficial for legacy cellular networks (e.g., 2G and 3G networks), which have relatively low system capacity compared to WiFi. However, the capacity of latest cellular network (e.g., LTE) is relatively higher and more efficient in terms of the spectral-efficiency (SE). Therefore, off-loading all data traffic to WiFi in the dual coverage area may not always be advantageous; especially, when the user density is much higher under the WiFi coverage.
In order to overcome the shortcoming of mainstream WLAN-first scheme, some Load Balancing schemes have been proposed in literature [15] [16] [17] . In these schemes, the traffic is distributed among the available networks, based on different network conditions and objectives. A load balancing scheme, based on fuzzy logic algorithm is proposed in [15] for a 3G and WLAN HetNet, which focuses on the utilisation fairness. In [16] , the authors propose a load balancing algorithm to improve network utilization and call blocking probability. A policy based resource management framework is presented in [17] for Cellular-WLAN integrated network, which improves the network utilization by dynamically balancing the offered traffic load via call admission control (CAC) and vertical handoff (VHO). Moreover, the works in [18] [19] [20] also propose some CAC policies for a multi-RAT HetNet in order to improve the system performance and balance the load of the network. In [18] , the authors propose a CAC scheme for a LTE-WLAN HetNet, where the user's relative preference for the WLAN changes adaptively based on the available resources in the WLAN and the relative distribution of cellular users. A CAC algorithm is proposed in [19] , which allows the WLAN to limit downward VHOs from the cellular network in order to reduce unnecessary VHO processing. Through numerical and simulation analysis, it has been demonstrated that the proposed CAC scheme reduces the unnecessary VHO processing, while keeping the downward VHO blocking rate within an acceptable limit and maintaining reasonable throughput in the WLAN. In [20] , the authors propose a joint-CAC scheme, and Dynamic Bandwidth Adaptation (DBA) scheme. They show that their scheme can maximise the overall system utilization, while keeping the call blocking and dropping rates at acceptable low levels, and satisfying the QoS demands of the diverse services.
In general, the objectives of the existing network selection schemes in literature are limited to optimal resource utilization and/or load balancing. In terms of EE, there are some studies in the literature that focus on mobile devices EE, due to the limited source of energy provided by the battery in such devices. Most notably, in [21] , the authors propose a network selection scheme, which optimizes the energy efficiency of mobile devices, with the use of a cost function in a multi-RAT environment that consists of WiFi, WiMax, and 3G networks. An energy-efficient adaptive wireless network interface-selection algorithm is proposed in [22] for mobile devices that are equipped with both 3G and WiFi network interfaces. While aforementioned studies only focus on the EE of mobile devices, some recent studies consider the EE of the network. As a notable example, the energy-efficient network selection scheme proposed in [9] aims to improve the energy efficiency of the wireless network. In [9] , the network selection problem is formulated as a process of an evolutionary game, where the users compete for the data rate from different access networks; and, the network selection by a user is based on the payoff, which is a function of data rate and power consumption. It is assumed in [9] that each network provides a fixed throughput (e.g., 7Mbps for WLAN and 2Mbps for 3G). However, in reality the network throughput is not fixed and it varies with channel quality. In addition, the power consumption model used in [9] , does not capture the realistic total power consumption of base stations (BSs) or APs. For more related work on the network selection in HetNets, please refer to the detailed surveys [7] and [8] .
System Model
This section presents a detail description of the considered system model for the proposed network selection scheme. We consider an operator deployed Cellular-WLAN HetNet, which consists of a single cellular BS and M WiFi APs. Fig. 1 shows an example of the system model. Typically, operators deploy the WiFi APs in high user density areas (e.g., shopping malls and airports, etc), in order to alleviate the traffic burden of the cellular system. Thus, the users are considered to be randomly distributed with higher density in the areas which are within the coverage of each WiFi AP, and lower density in other areas. We focus on downlink data traffic scenario, where each user downloads certain amount of data from the network. It is assumed that service requests follow Poisson Process with average rate of λ requests per second.
Typically, each RAT supports a limited number of MCS levels. Hence, we consider that cellular BS supports K levels of MCS, and WiFi AP supportsK levels. An example is illustrated in Fig.  1 , where each ring depicts a certain MCS level. The system specific overhead is captured with a parameter named "system efficiency" for each type of RAT. It should be noted that the overhead introduced by the underlying multiple access schemes is different for each type of RAT. For example, the overhead caused by Carrier Sense Multiple Access with Collision Avoidance (CSMA/CA) in WiFi is much higher than the signalling overheads in Orthogonal Frequency-Division Multiple Access (OFDMA) in cellular. Typically, the network resource (i.e., system bandwidth) is allocated by a centralised scheduler in cellular networks according to the underlying resource allocation scheme. In contrast to the cellular systems, the radio channel is randomly accessed in WiFi system. This random access method is called Distributed Coordination Function (DCF). A detailed theoretical analysis of DCF mechanism is given in [23] . However, in [23] , only single physical layer (PHY) transmission rate is considered. The performance analysis of multi-rate WiFi is carried out in [24] and [25] . In these works, it has been shown that under the DCF mechanism, the throughput of all users attached to the same WiFi AP will be equal and lower than the PHY rate of the lowest rate user. This is referred to as Performance anomaly. The reason for this performance anomaly is that the underlying CSMA/CA mechanism of WiFi, which guarantees equal long term channel access probability for all users [24] . Hence, the WiFi is classified as the throughput fair access network in [26] . Although the users attached to the same AP achieve same throughput, different user combinations (i.e., number of users attached to the AP and their channel conditions) result in distinct throughput value [26] . Hence, the users associated with different WiFi AP may have different throughput.
In order to obtain the network EE, a simplified yet practical linear power model has been suggested in [27] . According to this model, the overall power consumption P of a BS is a linear function of the radiated signal power P t . Therefore, it can be derived as P = P 0 + ∆P t , where P 0 represents the circuit power consumption, and ∆ is linear coefficient. In addition, when there is no load (i.e., no users served by the BS) the power consumption of BS will be lower than P 0 , which is referred to as idle power consumption. Hence, in this paper, a stated based power consumption model is considered for both cellular BS and WiFi APs (which is given in Section 5.2). With regard to the UE's power consumption, it is assumed that a fixed amount of power is consumed (yet different values for different RATs) by each UE while downloading the data. However, the amount of energy consumed to download certain amount of data by the UE will depend on the time taken to download that data (i.e., it depends on the user's perceived throughput).
Proposed Network Selection Scheme
In this section, we propose the ASRAS scheme for an operator deployed Cellular-WLAN HetNet. This scheme aims to improve the network performance in terms of network EE, system throughput, and call blocking probability. In ASRAS, the network selection is stochastically made based on the current network status and channel quality. A probability threshold ω (∈ [0, 1]) is obtained based on the channel quality (i.e., MCS) of both cellular and WiFi access links, which indicates the preference towards selecting WiFi when the user in dual coverage area. The UE generates a uniform random value R (∈ [0, 1]), and compares R with ω in order to make the network selection decision. Hence, ω dictates the selection of WiFi instead of cellular, stochastically. Note that ω can be interpreted as the expected proportion of users off-loaded to WiFi in the dual coverage area. The network operators can optimise the value of ω according to the objectives (e.g., system EE, throughput, etc).
The flow chart in Fig. 2 shows the procedure of the proposed scheme. In ASRAS, when a service request is initiated by a UE, the UE first checks whether it is within WiFi coverage or not. If not, the UE checks the load of the cellular BS. If the BS is fully loaded, the request is blocked, otherwise the cellular BS is selected. If the UE is within WiFi coverage, it queries the current network status information (e.g., current load on WiFi AP and cellular BS) from the network. The requested information can be delivered to the UE through standard protocols such as ANDSF or MIH. However, actual implementation of such protocols is out of the scope of this paper. Once the UE receives the network status information, it checks whether the cellular BS and WiFi AP are fully loaded. If both WiFi AP and cellular BS are fully loaded, the request will be blocked. In the case that only either cellular BS or WiFi AP is fully loaded, the UE selects WiFi AP or cellular BS, accordingly. Otherwise, the UE estimates the MCS for both WiFi and cellular, and queries the value of ω from the network for the estimated MCSs. Then the UE generates a random value R (∈ [0, 1]) and compares it with ω. If R < ω, the UE will select WiFi AP, otherwise, it will choose the cellular BS.
One of the advantages of this scheme is that it eliminates the complex computation on the UE side. At the same time, it allows the operators to influence the network selection decision by adjusting the value for ω to realize different objectives. However, finding the optimal value of ω is the most challenging part in the proposed scheme. Thus, we formulate the optimisation problem that yields the optimal ω as follows:
where OPT-C, OPT-EE and OPT-P b will result in optimal ω for maximum network throughput, maximum network EE, and minimum blocking probability, respectively. In the following Section 5, we develop an analytical model based on CTMC to solve these optimisation problems. Using this analytical model, the optimal value of ω can be computed at a centralised network entity, such as the cellular BS. In addition, since the network selection is stochastically made, the optimal value of ω does not need to be computed for each arrival of the service request. The value of ω can be computed offline for various network conditions (e.g., arrival rate, and user density ratio between hot-spot and non-hot-spot area, etc), and stored as a lookup table at the network side (i.e., BS/AP). Hence, the network selection decision can be made without any delay.
Analytical Model
In this section, we develop an analytical model to solve the optimisation problems in (1) . For the following analysis, we denote the notations with superscript a and b that correspond to WiFi and cellular, respectively. The list of major notations used in this analytical model is given in Table  1 . Let, r b k denotes the maximum distance from cellular BS that supports the MCS k (1 ≤ k ≤ K); similarly, the maximum distance from WiFi AP that supports MCSk (1 ≤k ≤K) is r are fixed for a given environment, the system can be modeled with multiple rings [11, 18] . Fig. 3 illustrate the ring model, where each ring area corresponds to a MCS that is used to transmit data in that area (i.e., MCS k in cellular andk in WiFi). A Since the users are uniformly distributed in both hot-spot and non-hot-spot areas (with higher density in hot-spot areas), the probability of a user being in area A can be obtained as follows:
where α is the user density ratio between hot-spot and non-hot-spot areas. Let n b k and n a,m k represent the number of users served by the cellular BS and the WiFi AP m with MCS k and MCSk, respectively. Thus, at any given instance, the system state can be represented as s := {n
If the maximum number of simultaneous users that can be served by cellular BS and WiFi AP is N b and N a , respectively, the permissible state space S is will be
Let b u (s) is the portion of the system bandwidth allocated to user u of cellular BS at a given system state s, according to the underlying resource allocation scheme (e.g., proportional-fair, round-robin, etc). Hence, the throughput of a user u with MCS k in cellular is where B is the total system bandwidth of cellular BS, β b k is the spectral efficiency (SE) of BS at MCS k, and η b is the system efficiency that reflects all system specific overheads of cellular system (e.g., signalling, protocol headers, etc). Hence, the system throughput of cellular BS (i.e., sum-rate of UEs), for a given system state s is
Since the channel is randomly accessed in WiFi, the throughput model of a user associated with a WiFi AP will be deferent to that of a user associated to cellular. It has been shown that the throughput of all users attached to the same WiFi AP will be equal and lower than the lowest physical layer transmission rate of all users [24, 25] . This is due to the fact that the CSMA/CA mechanism of WiFi guarantees equal long term channel access probability for all users [24] . However, throughput of an AP depends on the number of users served with each physical layer transmission rate. Hence, the throughput of the WiFi AP m at system state s can be modeled as [26] 
where β â k is the physical layer transmission rate of WiFi with MCSk. η a is the system efficiency of WiFi that captures all the system specific overheads of WiFi including the overhead caused by the random access. Thus, the average user throughput of user u served by WiFi AP m, at system state s will be c 
where ε is the average amount of data downloaded by each user. Hence, the system can be modeled as a CTMC. Fig. 4 shows the state transition diagram of the CTMC. The events and the relevant state transitions due to service request arrival and service completion are given in Table 2 , where
. The events (a) and (c) in Table 2 , ..}; hence, the rate of this state transition in CTMC will be 
respectively. Let π(s) be the steady state probability of state s. The steady state probabilities are related to each other by the global balance equations that are obtained form the state transition diagram. By combining the global balance equations with the normalisation condition s∈S π(s) = 1, the steady state probabilities π can be calculated. We use the successive over relaxation (SOR) algorithm to calculate the π. The pseudo code of the SOR algorithm is given in Appendix 9.1. From π, the system performances can be obtained as described in the following subsections.
System throughput
The system performance in terms of total system throughput C (i.e., the sum-rate of the BS and the APs) at steady state can be obtained from (6) and (7) as:
Network energy efficiency
In order to evaluate the EE, first, we define the following state spaces X b 0 and X a,m 0 , where the number of users served by the cellular BS and the WiFi AP m is zero, respectively. Thus,
Then, the state based power consumption of the cellular BS P b (s) and the WiFi AP m P a,m (s) at state s can be represented as follows:
where
represent the idle power consumption, circuit power consumption, transmit power, and linear coefficient of cellular BS (WiFi AP), respectively. From (15) , (18) and (19), the total network EE at steady state can be obtained as,
Call blocking probability
The state spaces X 
When the system in state s ∈ X b N (s ∈ X a,m N ), any arrival at cellular BS (WiFi AP m) will be blocked. Hence, the call blocking probabilities of a user at cellular BS and WiFi AP m can be obtained as
respectively. Since these probabilities are mutually exclusive (i.e., a user can only be blocked by either cellular or WiFi, depending on the selected network), the system call blocking probability p b will be
User equipment energy efficiency
Since the analysis is for downlink scenario, the power consumption of a UE considered to be fixed while downloading the data. However, it depends on the associated network. Hence the UE power consumption P u is given as
if the UE is accociated with WiFi, P b u if the UE is accociated with cellular.
Thus, the average UE energy consumption at steady state, to download the data from WiFi AP m and cellular BS can be obtained as
respectively. From (27) and (28), the average EE of UE when it is served by WiFi and cellular will be
respectively. By utilising the equations (15), (20) , and (25) in this analytical model, the optimization problems OPT-C, OPT-EE and OPT-P b in (1) can be solved via exhaustive search method, respectively. The details of the search algorithm is given in Appendix 9.2. In addition, the average UE EE can be analytically obtained from (29) or (30), depending on whether the UE is served by WiFi/cellular. The complexity of the search algorithm is given by O ((1/ς) KK ), where ς is the step size of ω per iteration. Although the complexity of this algorithm exponentially increases with K andK, as mentioned earlier the optimal value of ω does not need to be computed for each arrival of the service request since the network selection is stochastically made. The value of ω can be computed offline for various network conditions (e.g., arrival rate, and user density ratio between hot-spot and non-hot-spot area), and stored as a lookup table at the BS and AP. Thus, there won't be any delay in the network selection decision due to computational complexity.
Performance Evaluation
The performance of the proposed network selection scheme is evaluated in this section, and compared with two benchmark schemes, namely, WLAN-first and Load Balancing. The system performances are evaluated analytically (by the analytical model proposed in Section 5), and in a system level simulator that is developed in MATLAB. The considered network architecture for the simulation study is depicted in Fig. 1 , and the system parameter settings are given in Table 3 . In the simulations, the UEs are uniformly distributed in the coverage area, with different densities between hot-spot and non-hot-spot areas according to the parameter α. The time interval between consecutive service requests from the UEs follows exponential distribution with parameter λ (i.e., follows Poisson Process). Two scenarios are considered for the performance evaluation. In the first scenario, the user density ratio between hot-spot and non-hot-spot area is fixed (i.e., α = 10), but the traffic arrival rate varies. In the second scenario, the arrival rate is fixed (i.e., λ = 30), but the user density ratio varies. In both scenarios, three WiFi APs are deployed per cellular BS (i.e., M = 3), which are uniformly deployed with a fixed distance of 150 m from the BS. Note that for the analytical evaluation of the benchmark schemes, the preference values are obtained as follows:
This is due to the fact that in the mainstream WLAN-first scheme, the UE always tries to connect to WiFi for data service whenever the WiFi coverage is available; hence, the probability of selecting WiFi is always 1. For the Load Balancing scheme, in general, the load will be distributed based on the network capacity (i.e., the number of users/flows that can be served by each network). In addition, for the sake of fairness, it is assumed that the resources are equally allocated amongst the associated users in the cellular system (i.e., the system bandwidth is equally shared in cellular system) in all considered schemes. Fig. 5 shows the system performance in terms of system throughput against varied arrival rate (λ) and the user density ratio (α). In this figure, the WLAN-first scheme is denoted as "WF" and the Load Balancing scheme is denoted as "LB". In addition, analytically obtained results are denoted as "XX(An)" and the results obtained through simulations are denoted as "XX(Sim)", where "XX" represents the corresponding network selection scheme. From this figure, it can be seen that the analytical results match the results from simulations very well. Fig. 5(a) clearly demonstrates the inefficiency of mainstream WLAN-first and the Load Balancing schemes, against increased arrival rate. This is due to the fact that in WLAN-first scheme, WiFi APs will be highly congested due to high user density in the hot-spot areas while the cellular BS is not fully utilised. In Load Balancing scheme, since the system load is evenly distributed, the performance is higher than WLAN-first. However, variation in channel quality is not considered in Load Balancing. Hence, the proposed scheme performs best. In Fig. 5(b) , we can find that the performance of WLAN-first decreases as α increases. This is due to the fact that when the user density in hot-spot area increases, WiFi becomes heavily congested and cellular becomes under utilised, since all users in dual coverage select WiFi. As a consequence, the system performance deteriorates. In the Load Balancing scheme, the performance increases with increased α up to a certain value of α, and then it begins to deteriorate. On the other hand, the performance of the proposed scheme, continuously increases within the whole range of investigated α, while demonstrating superior performance compared to both benchmarks. This is due to the fact that in the proposed scheme, the value of ω is optimized according to the status of the network, and the channel quality. Fig. 6 shows the system performance in terms of network EE against increasing λ and α. In this figure, we can notice similar trend in performance compared to the throughput. This is due to the fact that the system power consumption does not significantly vary when both the AP and the BS are active. In addition, the period when neither AP nor BS is active (i.e., not serving any user) is relatively low. However, in Fig 6(b) , we can observe that the system EE of Load Balancing scheme is continuously increasing for whole range of α, in contrast to the system throughput. Since the value of ω is optimized in the proposed scheme, it outperforms the other two benchmarks in both scenarios. Fig. 7 shows the performance in terms of call blocking probability of the system against increasing λ and α. From Fig. 7(a) , we can observe that the call blocking probability increases when the arrival rate increases for all three schemes. However, the blocking probability in WLAN-first is much higher than the other two schemes. This is due to the fact that the WiFi is selected regardless of the status of the WiFi AP in WLAN-first. Thus, the possibility of AP become fully loaded is high. As a result, the blocking probability in WiFi will be high. The proposed scheme achieves the lowest blocking probability among the three schemes, due to the fact that the state of the WiFi is considered together with channel quality variations. In Fig. 7(b) , we see the inverse effect to the system throughput for the blocking probability. The blocking probability increases as α increases in WLAN-first. In the Load Balancing scheme, it decreases first until α increases to certain value and then it increases. The blocking probability is lowest and continuously decreases with the proposed scheme. User denisty ratio (α) Fig. 7 : Call blocking probability vs. Arrival rate (λ) and user density ratio (α). 
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In this subsection, we evaluate the EE of UEs against increasing arrival rate when the objective of the proposed scheme is system EE, and compare with the performance of the benchmark schemes. Fig. 8 shows the average UE's EE that is served by the WiFi AP and the cellular BS against increasing arrival rate. As we can observe from this figure, in all three schemes, average UE's EE that is served by WiFi is lower than that of served by cellular. The main reason behind this trend is that the throughput of WiFi AP is lower than cellular BS, at the same time the user density in WiFi (i.e., hot-spot) is much higher; hence, average user throughput of WiFi user is lower than cellular user. Thus, average dwell-time of a UE served by WiFi AP is higher than that of cellular BS. Therefore, users spend lower energy to download same amount of data in cellular than WiFi. In addition, we can observe that in the WLAN-first scheme, the average EE of WiFi user is worst among the three schemes in comparison, while the proposed scheme performs best. However, EE of a cellular user is almost similar in the proposed and the Load Balancing schemes; whereas in WLAN-first, it is lower at low arrival rate and better at high arrival rate compared to both proposed and Load Balancing schemes. In general, the UE's EE is better in the proposed scheme compared to the benchmark schemes, although the objective of the proposed scheme is network EE.
Conclusion
In this paper, we proposed a novel Adaptive Stochastic Radio Access Selection (ASRAS) scheme for Cellular-WLAN HetNet. This scheme implements a stochastic network selection policy that assigns certain probability for selecting WLAN according to the status of the network in terms of load and signal quality. This approach helps to improve the system performance in terms of network throughput, energy efficiency (EE) or call blocking probability. One of the main advantages in this scheme is that it eliminates the complex computation on the UE side. At the same time, it allows the operators to influence the network selection decision by setting the appropriate probability of selecting WLAN according to different objectives. An analytical model is proposed for the Cellular-WLAN HetNet, that considers system specific overhead and limitations as well as state based total power consumption models for each network, in order to compute the optimal probability value for selecting WLAN network. The proposed analytical model is thoroughly validated against simulation results. In addition, comprehensive performance analysis is carried out to compare the performance of the proposed scheme with that of two mainstream network selection schemes, namely, WLAN-first and Load Balancing. Both the analytical and simulation results demonstrate the superiority of the proposed scheme over the compared mainstream schemes.
The main scope of this paper is an operator deployed Cellular-WLAN HetNet that consists of single cellular BS and multiple WiFi APs. As a future direction, this work can be extend to include multi-cell scenario. However, when considering multi-cell scenario, the interference caused by neighbouring cells has to be taken in to account.
